This paper presents the deployment of an embedded active sensing platform for real-time condition monitoring of telescopes in the RAPid Telescopes for Optical Response (RAPTOR) observatory network. The RAPTOR network consists of several ground-based autonomous astronomical observatories primarily designed to search for astrophysical transients such as gamma-ray bursts. In order to capture astrophysical transients of interest, the telescopes must remain in peak operating condition to move swiftly from one potential transient to the next throughout the night. However, certain components of these telescopes have until recently been maintained in an ad hoc manner, often being permitted to run to failure, resulting in the inability to drive the telescope. In a recent study, a damage classifier was developed using the statistical pattern recognition paradigm of structural health monitoring (SHM) to identify the onset of damage in critical telescope drive components. In this work, a prototype embedded active sensing platform is deployed to the telescope structure in order to record data for use in detecting the onset of telescope drive component damage and alert system administrators prior to system failure.
INTRODUCTION

Raptor System
Comprising the primary hardware component of the Los Alamos Thinking Telescope Project, the RAPid Telescopes for Optical Response (RAPTOR) observatory network is made up of several autonomous, robotic, astronomical observatories designed to search for astrophysical transients, namely, gamma-ray bursts (GRBs) [1] [2] [3] .Although they are intrinsically bright, GRBs are difficult to detect because of their short duration. Typically, GRBs are first observed by gamma-ray sensing satellites, and in conjunction with this information, the RAPTOR telescopes are able to identify and record these events using a two-step process. First, a large field-of-view telescope provides information on potential events of interest. Once such an event is identified, narrow-field telescopes are moved quickly to perform more detailed spectroscopy and light curve measurements. Because of the large number of potential events of interest, this process must be maintained on a continual basis throughout the night at rates more than 10 times faster than that of typical astronomical mounts.
Damage scenarios
An individual RAPTOR "observatory" is a standalone structure with two main components, each having its own set of failure modes: (1) an automated enclosure and (2) the telescope drive system itself, which is shown in Figure 1 . The focus of this paper is on the telescope drive system, and within this context, damage is defined as being any changes in the mechanical characteristics of the mount that reduce, limit, or prevent its capacity for capturing GRB events. While broadly defined, experience indicates that damage of the telescope mount manifests primarily in the drive mechanism: a servo-system that employs an encoder on each rotational axis in a feedback loop to control velocity, acceleration, and position of the telescope optics. At the heart of the drive mechanism, for both the right ascension (RA) and declination (DEC) axes, are components referred to as "capstans," which provide the friction interfaces between the motors that *sgtaylor@lanl.gov drive the mou mm) in diam and the event
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The RAPTO mode; the ca control the t eventually ca optics The Mahalanobis squared distance (MSD) is a common metric employed in pattern classification problems to quantify the similarity (or difference) between a training data set and a data set of features obtained from an unknown system state. The formula for computing this metric is given as
where x is the feature vector that is being classified, and μ and Σ denote the mean value of the feature vector and the covariance matrix of the training data set, respectively. In this way, the classification problem reduces to one of "scoring" individual feature vectors, where the scores represent the deviation of each feature vector from the mean behavior of the training data set. For the supervised learning approach adopted herein, μ and Σ are constructed from data associated with the capstans known to be undamaged. Thus, higher MSDs are assumed to be associated with damaged capstans and vice-versa.
Software Development
The classifier described above can be implemented in one of two modes: either collect raw data using the deployed embedded system and process off-site (e.g. on a desktop PC); or process the collected data on-board the deployed system and send periodic results to decision makers. While the former method can certainly bring more processing power to bear, the latter reduces complexity in the overall SHM system, is less intrusive to the structure under inspection, and requires little or no integration with existing control systems for movable structures like the telescope. That being said, it is often advantageous to test an embedded SHM system using off-line algorithmic development prior to implementing a fully self-contained system. The SHMTools software package [7] , developed at the Engineering Institute in Los Alamos National Laboratory, is ideal for such off-line development and intermediate testing prior to embedded algorithmic deployment.
Preliminary Study
In a preliminary study, the classifier described above was applied to identify damaged capstans, such as those shown in Figure 2 . This study concentrated on the drive mechanism associated with Right Ascension (RA) axis. Three PCB Piezotronics model 352A24 accelerometers were adhered to different locations on the telescope motor mount. Six capstans of varying levels of deterioration examined, and for each capstan, ten cycles similar to the homing sequences conducted at the start of each night were executed. The system's acceleration response to this self-excitation was recorded with a data sampling rate of 640 Hz.
As a first glance at the data, power spectral density curves were computed for each capstan. Figure 4 shows a comparison of a PSD from a healthy capstan with two different damaged capstans. In one case, there is an obvious separation between the spectral responses of the healthy and damaged capstans, but in the other case, the spectra nearly overlay each other. In order to reduce this sort of high-dimensional feature to a scalar, which would allow simple threshold-based classification and ideally provide better separation for classification, the system was modeled as an AR process, as described above. Although there are many different criteria for selecting AR model order [8] , The AR model order was selected in this study according to an information gap-based criterion that maximizes robustness to future unknown data [9] . The Mahalanobis distance between a baseline model parameter set and subsequent model parameter sets was then implemented as the scalar feature by which to classify the capstan state.
Some results of the preliminary study are shown in Figure 6 . In a blind test, most damaged capstans were identified as such, but a new category, 'borderline' was also introduced. One of the severely damaged capstans was classified as borderline, but the overall detection performance, with an area under the ROC curve of about 0.8, was still good.
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